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Abstract 
Functional MRI (fMRI) has become an important translational tool for studying brain activity 
and connectivity in animal models and humans. For accurate and reliable measurement of 
functional connectivity, nuisance removal strategies developed for human brain, such as 
regressing motion parameters, cerebrospinal fluid (CSF)/white matter-derived signals and the 
global signal, have been applied to rodent. However, due to the very different anatomy, with 
the majority of the rodent brain being gray matter, and experimental conditions, in which 
animals are anesthetized and head-fixed, these methods may not be suitable for rodent fMRI. 
In this study, we assessed various nuisance regression methods and the effects of motion 
correction on a large dataset of both task and resting fMRI of anesthetized rat brain. 
Sensitivity and specificity were assessed in the somatosensory pathway under forepaw 
stimulation and resting state. Reproducibility at various sample sizes was simulated by 
randomly subsampling the dataset. To overcome the difficulty in extracting nuisance from the 
brain, a method using principal components estimated from tissues outside the brain was 
evaluated. Our results showed that neither detrend, motion correction, motion regression nor 
CSF signal regression could improve specificity despite increasing temporal signal-to-noise 
ratios. Although global signal regression increased the specificity of task activation and 
functional connectivity, the sensitivity and connectivity strength was drastically reduced, 
likely due to its strong correlation with the cortical signal. Motion parameters also correlated 
with task activation and the global signal, indicating that motion correction detected intensity 
variations in the brain. The nuisance estimated from tissues outside the brain produced a 
moderate improvement in specificity. In conclusion, nuisance removal suitable for human 
fMRI may not be optimal for rodents. While further development is needed, estimating 
nuisance from tissues outside the brain may be an alternative. 
 
 
Keywords: resting state network, functional MRI, functional connectivity, brain connectome, 
artifact, nuisance; rodent 
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1. Introduction 
Large-scale networks as detected by resting-state functional MRI (rsfMRI) provide 
exquisite information on the functional organization of the brain and associated dysfunction 
in mental or pathological processes. With similar resting-state networks also detectable in 
rodents, rsfMRI has become an attractive translational tool to understand the neural basis of 
resting-state networks, the mechanisms of disorders and the effects of treatments using 
widely available rodent models of diseases and transgenic animals (for review, see (Chuang 
and Nasrallah, 2017; Jonckers et al., 2015)). Functional connectivity is typically estimated 
from the correlated low-frequency oscillation of the blood oxygenation level dependent 
(BOLD) signals between brain regions. However, various confounds of non-neural origin, 
such as head motion and physiological noise, can also lead to correlated MRI signal changes. 
In addition, the global signal of the brain, which is found to correlate with head motion and 
hardware instability, has also been regarded as a nuisance (Murphy and Fox, 2017; Power et 
al., 2017). Therefore these “nuisance” variants should be removed in the data preprocessing 
(for review, see (Caballero-Gaudes and Reynolds, 2017; Murphy et al., 2013)). In general, 
nuisance removal uses regression to remove temporal confounds (nuisance regressors) based 
on estimating nuisance of known sources, such as the baseline signal drift, head motion 
parameters (Satterthwaite et al., 2013) or recorded physiological variations (Giove et al., 
2009). As physiological recordings are usually not available, methods for estimating them 
from the tissues of no interest, particularly the cerebrospinal fluid (CSF) and white matter, 
using simple averaging, filtering (Chuang and Chen, 2001) or principal component analysis 
(PCA) (Behzadi et al., 2007), have been adopted. Independent component analysis (ICA) has 
also been used to identify spatially independent artifact-like patterns and extract the 
corresponding time-courses as nuisance (Salimi-Khorshidi et al., 2014).  
Rodent rsfMRI studies usually follow similar data processing procedures to those 
designed for humans. To date, there is no consensus on the best practice for nuisance removal 
in the rodent brain and a wide variety of methods has been used. For example, some studies 
use signals from the CSF, either alone (Nasrallah et al., 2014b; Sforazzini et al., 2014) or 
together with those from the white matter (Liang et al., 2012), and some use a reference 
phantom and signals from the skin (Nasrallah et al., 2017). Others use ICA (Jonckers et al., 
2011; Mechling et al., 2014; Zerbi et al., 2015) or PCA (Chang et al., 2018), some use 
recorded physiological signals (Kalthoff et al., 2011), 6 motion parameters (Hsu et al., 2016), 
the global signal (Thompson et al., 2013), or a combination of both (Henckens et al., 2015) 
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and their derivatives (Stafford et al., 2014), whereas others only remove linear baseline drift 
(Bettinardi et al., 2015; Chan et al., 2014; Jonckers et al., 2014; Paasonen et al., 2016). 
However, due to the very different anatomy and experimental conditions between rodent and 
human studies, several factors need to be considered. First, unlike the human brain, the 
majority of the rodent brain is gray matter (Zhang and Sejnowski, 2000). Therefore, it is 
difficult to estimate nuisance signals from a few voxels in the CSF or white matter from low-
resolution echo-planar imaging (EPI) without partial volume contamination from the gray 
matter. Using the global signal as a nuisance factor could also be problematic as it is mostly 
contributed by the gray matter signal. Second, rodent rsfMRI is typically conducted under 
anesthesia with the head firmly secured with ear and bite bars. Whether head motion 
correction is still needed and regressing motion parameters is beneficial are unclear. Third, 
rodent rsfMRI is typically acquired at ultrahigh field (> 7T). Magnetic field variation induced 
by respiration and other sources could lead to intensity variation or even EPI displacement in 
the phase encoding direction that could be picked up by motion correction (Kalthoff et al., 
2011). Hence motion parameters may not represent physical head movement. Finally, with 
rodent rsfMRI typically scanned in coronal slices with phase encoding in the dorsal-ventral 
direction, movement from the tongue and other tissues below the brain would cause regional 
artifacts in the brain. As these localized fluctuations would not be detected by motion 
correction or physiological recording, they could be difficult to remove. Therefore, whether 
nuisance removal strategies designed for humans are suitable and whether simple methods 
such as linear detrend and motion regression are sufficient to eliminate non-neural 
fluctuations in the rodent brain remains to be clarified. 
In this study, we systematically assessed various regression-based strategies and 
motion correction for nuisance removal of rodent from fMRI data. To determine the 
effectiveness of these processing methods, task fMRI data with electrical forepaw 
stimulations were used. Although nuisance removal is seldom applied to task fMRI, these 
data provide a reference standard as brain areas activated by this stimulation are already 
known and have been well-studied by fMRI (Keilholz et al., 2006, 2004; Nasrallah et al., 
2012; Pelled et al., 2007; Weber et al., 2006; Weng et al., 2011; Zhao et al., 2008). To 
overcome the issue of precise isolation of non-neural tissues from the rodent brain, we also 
evaluated the use of PCA to estimate nuisance from tissues outside the brain (including the 
scalp, head muscle, large vessels, and other tissues, such as the tongue, below the brain). 
These methods were further assessed in detecting resting-state networks in the somatosensory 
pathway, rodent default mode network (DMN) and amygdala network. Furthermore, a large 
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number of animals was used to determine how well these methods perform and to simulate 
the reproducibility over different numbers of animals typically used in rodent studies. 
 
Materials and Methods 
 
Animal Preparation and Data Acquisition 
The task and resting fMRI dataset was extracted from the baseline scans prior to drug 
or vehicle injection in several pharmacological MRI studies, in which part of the results was 
published (Nasrallah et al., 2017) and the remaining was under preparation. The experimental 
protocols were approved by the institutional animal care and use committee of the 
Biomedical Sciences Institutes, A*STAR, Singapore. Ninety-six male Wistar rats (300-400 g) 
were scanned as described previously (Nasrallah et al., 2017, 2014a). Briefly, the animals 
were anesthetized by isoflurane (in air and O2 mixture), arterial/venous cannulated, 
endotracheal intubated and mechanically ventilated (TOPO, Kent Scientific, USA) with 
respiration rate, flow rate and pressure adjusted so that the arterial blood pH, pCO2, and pO2 
measured (ISTAT, Abbott, USA) were maintained within a physiological range. The 
respiration rate, rectal temperature, and end-tidal CO2 were continuously monitored (Model 
1025, SA Instruments Inc., USA; SurgiVet, Smiths Medical, USA). The animal’s head was 
secured on a MRI holder with ear bars and a bite bar to prevent head motion. To measure 
somatosensory evoked activity, two pairs of needle electrodes were inserted into the left and 
right forepaws and connected to a constant current stimulator (Isostim A320, World Precision 
Instruments, USA). After full preparation, a bolus of 1.5 mg/kg pancuronium bromide 
(Sigma, Singapore) was given intravenously and isoflurane was decreased to 1.3% for fMRI 
experiments. The rectal temperature was maintained at ~37oC by a feedback-controlled air 
heater (SA instruments Inc., USA). 
All MRI measurements were performed on a 9.4 T horizontal magnet (Agilent 
Technologies, USA) with a volume coil (7.2 cm inner diameter; Rapid Biomedical GmbH, 
Germany) for RF transmission and a custom-designed surface coil of 1.5 cm diameter as 
receiver. The surface coil was carefully positioned on top of the somatosensory area to ensure 
a consistent B1 profile. A 0.5-mm diameter tube filled with water was placed on the side of 
the animal’s head as a precautionary measure to detect any drift or other system instability. 
The animal’s position was adjusted based on a sagittal scout image to place the primary 
somatosensory cortex (S1) in the magnet isocenter. The homogeneity of the magnetic field 
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was optimized using 2nd order 3D shimming. BOLD fMRI was acquired on 10 or 12 
consecutive coronal slices using a single-shot spin-echo EPI sequence with TR = 2 s, TE = 45 
ms, thickness = 1 mm, gap = 0.1 mm, matrix size = 64 x 64, and FOV = 25.6 x 25.6 mm2. 
Somatosensory-evoked fMRI was conducted first, followed by resting-state measures. For 
fMRI of forepaw activation, both forepaws were stimulated by rectangular pulses of 9 Hz, 0.3 
ms duration and 4 mA in a block design with 60 s resting and 20 s stimulation alternately 
repeated three times and adding 60 s of resting at the end (total duration 5 min with 150 scans 
acquired). Resting-state data were then acquired for 10 min (300 volumes). High-resolution 
T2-weighted fast spin-echo MRI of the same geometry was also acquired. 
 
Data Preprocessing 
The data processing flow is depicted in Fig. 1. All data were processed using AFNI 
(ver 17.2.05, National Institutes of Health, USA), ANTs (http://stnava.github.io/ANTs/), FSL 
(ver 5.0, https://www.fmrib.ox.ac.uk/fsl), and in-house codes on Matlab (Mathworks, USA). 
After image format conversion, the pre-processing started with despike (AFNI 3dDespike), 
motion correction (FSL mcflirt), brain mask creation (automatically by PCNN3D, 
https://sites.google.com/site/chuanglab/software/3d-pcnn (Chou et al., 2011), followed by 
manual editing), template building, nuisance regression (FSL fsl_glm), high-pass filtering 
(3dBandpass, which uses an FFT-based filter), spatial normalization to a stereotaxic EPI 
template (ANTs antsRegistrationSyNQuick.sh) and smoothing by a 0.5mm Gaussian kernel 
(FSL fslmaths). A study-specific EPI template was generated from 41 rats. First, the B1 
corrected (N4, implemented in ANTs) and brain extracted mean EPI was nonlinearly warped 
to the 0.2mm T2-weighted MRI stereotaxic brain template (Schwarz et al., 2006) using ANTs. 
All the warped EPI data were then intensity normalized and averaged to form the EPI 
template, after which a second pass of nonlinear warping to the EPI template was estimated 
and applied to the fMRI time-series data. To preserve high frequency neural oscillations and 
to account for a potential increase in peak frequency under anesthesia (Grandjean et al., 2014; 
Pan et al., 2013), only high-pass filtering was used to remove very slow fluctuations. For task 
fMRI, the cut-off frequency was set at the basis frequency of the task paradigm, i.e., 1/80 Hz; 
for rsfMRI, 0.01 Hz was used. 
 After initial assessment of the data quality and raw activation map (without nuisance 
removal), 5 animals had very weak activation (sparse and t<1.96 in the expected 
somatosensory forepaw areas), indicating inadequate physiological condition, and another 9 
animals had high noise/artifacts affecting broad area in the brain in their resting fMRI data. 
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Therefore 91 animals were included for the task fMRI analysis and 82 for the resting fMRI 
analysis. 
 
Nuisance Regression 
Seven kinds of nuisance were estimated: 
• Baseline drift: Linear and quadratic trends were created to model the baseline signal 
drift. 
• 6 motion parameters: Six motion parameters were used to model the head motion 
artifacts. 
• 12 motion parameters: Besides the six motion parameters, their derivatives were 
included to model more motion artifacts. 
• 10 principal components (PC): The top 10 PC of signals outside the brain were 
estimated (AFNI 3dpc) and used to model non-neural signal variations. To avoid 
background noise, a background intensity threshold of 10% the maximum intensity of 
the image was used. The non-brain signals mostly came from the reference phantom, 
scalp, head muscle and tissues, including the tongue, below the brain. These 10 PC 
captured 98.8%±1.1% (mean ± standard deviation (SD)) of the signal variance in the 
tissues outside the brain. 
• Selected PC: To avoid overfitting the data, selected PC out of the top 10 PC from 
signals outside the brain that contributed significantly to the brain signal variations 
were used. A heuristic threshold was adopted to select the components showing 
significant (p<0.001, uncorrected) regression in more than 1% of the voxels inside the 
brain as they may contribute to false positive rates more than 0.01. 
• Global signal: To evaluate whether the global signal estimated from the rodent brain 
was biased toward gray matter activity, the global signal was calculated from the 
mean signal intensity in the brain mask, which includes gray matter, white matter and 
CSF.  
• CSF signal: As the white matter could not be isolated without partial volume from the 
gray matter, the contribution from physiological noise was only estimated from the 
mean signal of the CSF. Regions of interest (ROIs) were carefully drawn in the 
ventricles by avoiding any mixture with nearby gray matter. In one animal, no 
discernable CSF space was identified. In other animals, the voxel number for deriving 
the CSF signal varied considerably (mean±SD = 17.5±18.2 voxels).   
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These nuisances were combined into 9 kinds of nuisance regressions: 
1. Detrend regression: Only the baseline drift regressors were used; 
2. 6 Motion regression: Baseline drift + 6 motion; 
3. 12 Motion regression: Baseline drift + 12 motion; 
4. 10 PC + motion regression: Baseline drift + 12 motion + 10 PC; 
5. Selected PC regression: Baseline drift + selected PC; 
6. Selected PC + motion regression: Baseline drift + 12 motion + selected PC; 
7. Global signal regression (GSR): Baseline drift + global signal; 
8. CSF regression: Baseline drift + 12 motion + CSF signal; 
9. All but GSR: Baseline drift + 12 motion + 10 PC + CSF signal. 
These regressors were applied to the fMRI data with and without despike and realignment 
to evaluate the influence of motion correction. Although no motion-induced spike would be 
expected, spikes from hardware instability may still be observed and hence despike was 
applied before realignment to improve the accuracy of motion estimation. As more nuisances 
are included, the degree of freedom could reduce more. Assuming that one signal being 
regressed would reduce the degree of freedom by one, the maximum reduction would be 26 
when using the regression #9. Nonetheless, the following statistical analysis did not include 
the change in degree of freedom. 
 
Forepaw Activation  
Individual task fMRI data were analyzed using a general linear model (GLM; fsl_glm) 
with a boxcar waveform convolved by a gamma variate function (delay time = 4 s, width = 3 
s) to model the hemodynamic response of the rat brain as it does not show post-stimulus 
undershoot (Silva et al., 2007). Second level random effect analysis was conducted on the 
individual z-score maps. The S1 forelimb area (S1FL) was then defined as the region 
activated (p < 0.001, false discovery rate (FDR) corrected by FSL fdr) symmetrically in both 
hemispheres using the data with 6 motion regression but without despike/realignment.  
To estimate the activated signal variance that can be accounted for by each nuisance, 
the variance, VARi, of the mean time-course in the S1FL area after each nuisance removal 
was derived, where i is the removal method index shown in the previous section. The 
variance contribution of a nuisance regressor was calculated as (VARi – VARj) / VAR0, where 
VAR0 is the variance of the original signal without nuisance removal, and i and j are 
regression methods that differ by a particular nuisance regressor. For example, the 
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contribution of the motion derivative was calculated as the variance difference between 
regression methods 2 (6 motion) and 3 (12 motion). 
 
Resting-state Functional Connectivity 
Seed-based correlation analysis was conducted to measure the inter-regional 
functional connectivity (FC) in the rsfMRI data. The averaged signal from a spherical ROI of 
0.5mm radius at the center of mass of a neuroanatomically defined area was used as the 
reference signal. A total of 7 ROIs were assessed, including 4 areas in the somatosensory 
pathway, the S1FL, secondary somatosensory cortex (S2), ventral posterolateral nucleus 
(VPL) and ventral posteromedial nucleus (VPM), two key hubs of the rodent DMN (Lu et al., 
2012), the cingulate cortex (Cg) and retrosplenial cortex (RSC), as well as the amygdala 
(Amg), an area distant from the surface coil that suffers from susceptibility artifacts (Li et al., 
2015). Except for the S1FL ROI, which was defined based on the most significant activated 
area from the task fMRI described above, the other areas were defined based on a stereotaxic 
atlas (Schwarz et al., 2006). Taking the mirrored areas in the left and right hemispheres into 
account, 14 areas were selected. Pearson’s correlation coefficient was used to estimate the 
functional connectivity strength across the brain and between ROIs. Fisher’s z-transformation 
was used to convert the correlation to a z-score. A one-sample t-test was used for group-level 
random effect analysis of the FC z-score maps. Given that the connectivity distribution may 
not be Gaussian, permutation tests was applied (using FSL randomize with 5000 
permutations). The threshold free cluster enhancement (TFCE) corrected p<0.01 was 
regarded as significant. 
 
Performance Evaluation 
Several indices were calculated to assess the efficacy of the nuisance removal methods 
and realignment: 
1) The mean activation/FC z-scores and their variations: For task fMRI, the mean z-scores 
inside the S1FL area were calculated to represent the strength of activation. For resting 
fMRI, the inter-regional FC strength was defined as the mean z-score between the seed 
ROIs. For example, the S1FL-S2 connectivity was calculated as the FC value in the S2 
seed ROI using S1FL as the seed point. The coefficient of variation (CoV) of the z-scores 
was used to evaluate the consistency of activation/FC measurement 
2) Correlation between nuisance and task/S1FL activity: Given that nuisance estimated from 
the brain may include gray matter activity, this was evaluated in the task fMRI data by 
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correlating the nuisance with the BOLD activation model and in the rsfMRI data by 
correlation with the original resting signal in the S1FL area without processing. Based on 
these analyses, the task and resting fMRI dataset was divided into 4 subgroups: one 
uncorrelated with nuisance and three significantly (p < 0.01, uncorrected) correlated with 
either motion parameters only, PC regressors only, or both motion and PC regressors. In 
the task fMRI data, these were further divided into subgroups showing specific or 
nonspecific activation depending on whether activation extended beyond the 
somatosensory area. 
3) Temporal signal-to-noise ratio (tSNR): tSNR was used as an index of data quality. It was 
calculated as the ratio between the temporal mean and standard deviation of the rsfMRI 
data in the native space prior to the highpass filtering step. The tSNR was calculated 
voxel-wise and the mean value inside the brain mask was compared between methods. 
4) Sensitivity and specificity: To evaluate the sensitivity and specificity in detecting task 
fMRI, activation in S1FL, S2, VPL and VPM was defined as true positive and activation 
in the rest of the brain was defined as false positive. The activation was thresholded at p < 
0.01 and 0.001, FDR-corrected. The sensitivity and specificity were also evaluated on the 
S1FL connectivity in the rsfMRI, as S1FL connectivity has been reliably identified in 
rodents (Grandjean et al., 2014; Jonckers et al., 2011; Nasrallah et al., 2014b, 2012; 
Pawela et al., 2008; Williams et al., 2010; Zhao et al., 2008). The connectivity in the 
motor cortex, S1, S2, VPL and VPM was defined as true positive (Pawela et al., 2008), 
and connectivity elsewhere was defined as false positive. The FC maps were thresholded 
at p < 0.01, TFCE-corrected. 
5) Reproducibility of task fMRI: The influence of nuisance removal on the reproducibility 
of the group activation map was simulated over various sample sizes ranging from 15, 20, 
25,… to 40 by randomly drawing subsamples from the subgroups with low or high 
nonspecific (artifactual) activation. As the group activation maps of the animals without 
task correlation or with only either motion or PC regressors correlating with the task 
showed consistently less nonspecific activation, their group map of the maximum sample 
size was used as the reference standard. The reproducibility was calculated as the Pearson 
correlation coefficient between the group activation map and the reference map. For each 
nuisance removal method, the same removal was applied to the reference data to create 
the reference map for that method. The random subsampling process was repeated 100 
times and each time the reproducibility for all the nuisance removal methods were 
calculated on the same subsamples. The resulting correlation coefficient was converted to 
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z value by Fisher’s z transform, and the mean and standard deviation of the z values from 
the 100 repetitions were calculated and converted back to correlation to avoid bias (Corey 
et al., 1998). Statistical significance was tested with two-way ANOVA on the z values, 
with repeated measures and multiple comparison by Tukey’s test. 
6) Reproducibility of FC maps: The reproducibility of the group connectivity map was 
evaluated in a similar way but with a different reference standard due to the lack of 
ground truth for resting-state networks. The similarity was calculated as the Pearson 
correlation coefficient between the group FC maps of two sub-sampled animal groups of 
the same sample size drawn from the total of 82 without substitution. Connectivity maps 
from three seed regions were selected: S1FL, S2, and RSC. For each sample size the 
process was repeated 100 times with different nuisance removal applied to the same 
subsamples. The mean, standard deviation and statistical tests were done in the same way 
as the above. 
 
Statistical Analysis 
The normality of distribution for the inter-regional FC z-score was tested using the 
D’Agostino-Pearson normality test (Prism, GraphPad Software, USA). For task fMRI data, 
two-way ANOVA was used to determine the significance between nuisance removal methods 
and between data with or without despike and motion correction. Tukey’s test was used for 
post hoc multiple comparison unless particularly stated. As nuisance removal could change 
the normality of the resting-state connectivity z-score, the between method comparison for 
rsfMRI results was conducted using a nonparametric Friedman test followed by Dunn’s test 
for multiple comparisons. 
 
Results 
 
Nuisance removal but not motion correction reduces the false positive of task fMRI 
The group activation maps of all 91 animals under different nuisance regressions and 
with/without despike and realignment are shown in Fig. 2A,B. Without nuisance removal, the 
original data show activation not only in the S1 and S2 areas but also in the cingulate cortex, 
insular cortex and septal nucleus, which are typically not activated by innocuous 
somatosensory stimulation (Keilholz et al., 2004). Applying detrend, motion regression, CSF 
regression or motion correction did not make a difference to the results. The selected PC 
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regressor alone reduced the spurious activation slightly. Large improvement was achieved by 
combining PC and motion regressors. GSR resulted in the most specific activation in S1. The 
BOLD activation z-score in the S1FL area was reduced by most nuisance regressions except 
the detrend (Fig. 2C). 
 
Nuisance correlates with task activation 
Given that no physical movement was seen in the head-fixed, mechanically ventilated 
and paralyzed animals, what the motion correction algorithm detected is intriguing. We 
assessed the inter-relationship between the extracted nuisance, global signal and task model 
using the absolute correlation coefficient. Fig. 3A shows that the 6 motion, 10 PC and global 
signal regressors had moderate correlation with the task (|r| = 0.21, 0.24, 0.21, respectively), 
which was increased after removing quadratic drift from these regressors, particularly for the 
6 motion (|r| = 0.28) and global signal (|r| = 0.31). Nonetheless, what the motion parameters 
detected may still be more related to neural activation. The supplementary Fig. S1 shows a 
case with strong task correlation with both motion and PC regressors. Although both 
regressors correlated strongly in a similar area in S1, the motion regressor was very similar to 
the task activation, with changes occurring precisely at the first and the second stimulation 
blocks. On the contrary, the PC regressor showed a more artifact-like fluctuation. This 
resulted in removal of task activation in S1 using the motion regressor but preserved 
activation using select PC regressors alone.  
Similarly, as the majority of brain is gray matter, the global signal may also include 
signal drift and neural activity. Fig. 3B shows that the global signal had very strong 
correlation with signal drift (|r| = 0.63), and high correlation with motion parameters (|r| = 
0.39) and 10 PC (|r| = 0.45) after removing the quadratic drift. This indicated that the global 
signal picked up similar variation to that detected by the motion parameters as well as global 
variations that extended outside the brain. The CSF signal also exhibited a moderate 
correlation with the 6 motion (|r| = 0.23), 10 PC (|r| = 0.27) and global signal (|r| = 0.21) after 
removing the quadratic trend (Fig. 3C). 
The variance contribution of each regressor to the task fMRI signal in the S1FL area 
is shown in Fig. 3D. The global signal could account for nearly 42% of the variance whereas 
the task model only accounted for 19%, which is in line with the strong impact of GSR on the 
detection of activation. The 6 motion parameters contributed around 16% variance, and 
adding 10PC accounted for an additional 15% variance. The motion derivative and CSF 
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signal contributed much less to the variance, resulting in 6% and 2%, respectively. Realign 
and despike did not change the variance contribution significantly except in the case of GSR.  
 
Nuisance removal improves the specificity of task activation 
Based on the correlation between nuisances and task activation, the task fMRI data 
could be divided into 4 groups: 1) showing significant (p < 0.01) task correlation with motion 
parameters only (n=20); 2) correlated with PC regressors only (n=13); 3) correlated with both 
motion and PC regressors (n=46); and 4) no task correlation with either motion or PC 
regressors (n=12). The sub-group activation maps of the task-noncorrelated and task-
correlated with motion or PC only groups show more specific activation in the S1FL area, 
with less expansion into the motor cortex and other areas even without any nuisance removal 
(Fig. 4A-C). It appeared that nonspecific activation was mostly due to those with both motion 
and PC regressors correlating with the task (Fig. 4D). The application of motion and/or CSF 
regression only improved this subgroup slightly. On the other hand, selected PC regressors 
alone could reduce the nonspecific activation. PC regressors and their combination with 
motion regressors could improve the activation map such that it was similar to the other 
subgroups. Applying GSR produced the cleanest results, but reduced the activated area in 
other subgroups (Fig. 4B), whereas PC regression preserved it.  
The activation z-scores in the S1FL area of the subgroup with task-correlated PC and 
motion regressors were significantly higher than those of other subgroups, suggesting an 
over-estimation (Fig. 5A). Applying motion correction did not reduce the over-estimated 
activation and the z-score was still significantly higher than the task noncorrelated one. Using 
PC and motion regressors or GSR led to comparable activation in all the subgroups, 
indicating good performance on suppressing the confounds.  
Fig. 5 B and C show the true and false positive rates of activation maps from these 
subgroups thresholded at p<0.01 and p<0.001, respectively. The true and false positive rates 
of the task noncorrelated subset were comparable across the nuisance removal methods 
except for the GSR, which reduced both true and false positives. The subgroup with task-
correlated motion and PC regressors had the highest true and false positive rates. The high 
false positive could be greatly reduced by combining PC and motion regressors. However, 
selected PC regressors alone provided a higher false positive rate than occurred in 
combination with motion regressors. Generally, despike/realignment did not have a major 
effect on the true and false positive rates. 
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Nuisance removal improved the reproducibility of task fMRI 
As the activation maps of the task noncorrelated and the motion- or PC-only task 
correlated subgroups in Fig. 4 showed the most consistent and specific activation regardless 
of different nuisance removal methods, they were regarded as the “low artifact” group 
whereas the subgroup correlated with both motion and PC regressors was regarded as the 
“high artifact” group. Fig. 6 and supplementary Table S1 show the correlation coefficients of 
the activation maps of different subgroups and sample sizes with respect to the reference 
standards processed with the same method. The reproducibility generally increased with 
sample size, producing similar trends with or without despike/realignment. For the low 
artifact subgroup (top row in Fig. 6), the reproducibility increased rapidly with sample size. 
At smaller sample sizes (n < 30), the 6 motion, 12 motion, selected PC+motion and 
CSF+motion regressions showed the best reproducibility. GSR had the worst reproducibility 
and was even poorer than that without nuisance removal (p < 0.05). At a large sample size (n 
= 40) there was no significant difference between any of the tested nuisance removal methods. 
For the high artifact subgroup (bottom row in Fig. 6), the reproducibility also 
increased with sample size but at a more moderate rate that did not exceed 0.7. Across all the 
sample sizes, detrend had the highest reproducibility, followed by the selected PC and 6 
motion regressions (p < 0.0001). Again, GSR had the lowest reproducibility across the 
sample sizes. No significant improvement was found with despike/realignment. 
 
Nuisance correlates with S1FL and global signals in rsfMRI 
To understand the relationship between nuisance and the resting-state activity, the 
BOLD signal in the S1FL area without any preprocessing was extracted to represent the 
cortical activity. The resting S1FL signal correlated strongly with GSR (|r| = 0.48 ± 0.20, 
mean ± SD), weakly with 6 motion (|r| = 0.22 ± 0.11), 10 PC (|r| = 0.20 ± 0.11) and motion 
derivatives (|r| = 0.17 ± 0.08), and weakest with the CSF signal (|r| = 0.094 ± 0.08) 
(Supplementary Fig. S2A). By correlating between nuisance regressors, moderate correlation 
was found between the global signal and 6 motion (|r| = 0.38), 10 PC (|r| = 0.47) and selected 
PC (|r| = 0.40). On the other hand, these nuisances had low correlation (|r| around 0.2) with 
the CSF signal (Supplementary Fig. S2B-C).  
 
Nuisance removal reduces the false positive rate of resting-state S1FL connectivity 
To examine the influence of nuisance removal on FC when nuisance correlated with 
the resting-state BOLD signal, the rsfMRI dataset was divided into 4 subgroups based on the 
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correlation between the S1FL signal and nuisance regressors: not correlated with nuisance 
(n=29) and significantly (p<0.01) correlated with motion parameters only (n=23), with PC 
regressors only (n=15), or with both motion and PC regressors (n=15). Although 6 animals 
also showed significant correlation with the CSF signal, the number was small and hence 
only the aforementioned 4 subgroups were inspected. Fig. 7 shows the influence of nuisance 
removal on the S1FL connectivity in these subgroups. The noncorrelated subgroup showed 
the most confined bilateral connectivity (Fig. 7A) whereas the others showed broad extension 
into subcortical areas, such as caudate putamen and basal forebrain (Fig. 7C-D).  In the 
subgroup correlated with PC regressors only, applying selected or 10 PC regressors reduced 
the extent of connectivity closer to that of the noncorrelated subgroup but motion regression 
alone expanded the connectivity. In the other two subgroups where motion parameters 
correlated with the S1FL BOLD signal, motion regressions alone did not change the highly 
extended connectivity. Even worse, despike/realignment tended to expand the connectivity. 
Slightly more specific connectivity could be obtained by combining PC and motion 
regressors. CSF regression had minimal effects. GSR generated the most focal connectivity 
regardless of the dataset. Similar to what was seen in the task fMRI, detrend alone did not 
change FC. 
Fig. 7E shows the true and false positive rates of the nuisance removal methods in 
these subgroups of rsfMRI data. The 2 subgroups with motion correlation had higher true 
positive rates but their false positives were also very high. Applying motion regression did 
not reduce the false positive in either motion-correlated subgroup but did increase the false 
positive rate in the other 2 subgroups. Motion correction made this result even worse. The 
10PC with motion regression produced low false positive rate while maintaining a high true 
positive rate in all the subgroups of data compared to the other nuisance removal methods. 
GSR led to the lowest true and false positive rates. 
Further inspection shows that the component-based regressors improved rsfMRI data 
in areas that were affected by physiological motion. Supplementary Fig. S3 shows an area in 
the cingulate cortex that suffered from an aliased signal due to a moving tissue outside the 
brain. Although the tissue was not quite visible in the raw EPI, the aliased signal variation 
caused a sudden change in signal intensity after the 250th scan. Compared to realignment or 
motion regression, the component-based regression successfully suppressed the artifact.  
 
Nuisance removal alters functional connectivity strength and its distribution 
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Fig. 8 shows the inter-regional FC z-score between selected ROIs in the 
somatosensory pathway, rodent DMN and amygdala under different preprocessing methods. 
Motion or CSF regressions did not change the FC strength significantly compared to no 
nuisance removal at all. The largest change was made by GSR, where FC was drastically 
reduced in most connections. GSR even induced anticorrelation between S1FL and VPL, and 
nulled DMN connectivity. PC and motion regressors together reduced the bilateral FC of 
S1FL, S2 and Amg, but not that of S1FL-VPL. Despike and realignment increased FC in 
general, except in the amygdala. 
 Furthermore, nuisance removal and despike/realign could change the FC distribution, 
such that it deviated from the Gaussian distribution (Table 1), indicating that non-parametric 
hypothesis tests would need to be considered. In the somatosensory pathway, realignment or 
motion regression tended to reduce the normality, and adding PC regressors together could 
make it deviate more. In the DMN, nuisance removal made the distribution closer to 
Gaussian but realignment made it deviate more. In the two bilateral networks that are away 
from the cortical surface (S2 and Amg), the distributions were non-Gaussian and nuisance 
removal or realignment could not normalize these distributions. 
 Nuisance removal slightly increased the CoV of the FC strength (Table 2), which 
indicates a decreased group t-score. On the other hand, applying despike/realignment 
generally caused a slight reduction in the CoV. In most connections, GSR highly increased 
the CoV which made the group statistics insignificant. 
 
Nuisance removal and motion correction improve the reproducibility of functional 
connectivity 
Fig. 9 and supplementary Table S2 show the reproducibility of FC maps, measured as 
the correlation coefficient between two randomly subsampled datasets of the same size, with 
seed points at S1FL, S2, and RSC. Reproducibility generally increased with sample size, at 
similar rate for all the nuisance regression methods. For S1FL connectivity, GSR performed 
the best at a small sample size (n=15) but there was no difference between nuisance removal 
methods at larger sample sizes (n>20) without despike/realignment (Fig. 9A and 
supplementary Table S2 A). Despike/realignment did not affect the reproducibility but all 
methods performed better than no removal/detrend (Fig. 9D and Table S2 B). For S2 
connectivity, methods using PC regressors performed better than other removal methods 
without despike/realign (Fig. 9B and Table S2 C). After despike/realignment, no 
removal/detrend performed the best (Fig. 9E and Table S2 D). For RSC connectivity, GSR 
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performed the best, followed by methods using PC regressors, 10PC + motion and 10PC + 
CSF + motion with or without despike/realign (Fig. 9C,F and Table S2 E,F).  
 
Nuisance removal increases tSNR without a corresponding increase in task activation 
and functional connectivity 
Fig. 10A shows the percentage change in tSNR compared to the original data without 
nuisance removal or despike/realignment. Applying despike/realignment produced the most 
significant improvement in tSNR (20.04% ± 14.36%, mean ± SD). Removing baseline drift 
increased tSNR by 5.32% ± 4.13%, and adding 12 motion parameters increased it by 9.27% ± 
5.31%. Using the 10 PC with motion regressors, the tSNR increased by 13.20% ± 8.61%, 
whereas using the selected PC alone increased it by 8.96% ± 8.64%. The improvement in 
tSNR using the selected PC was slightly better than using 6 motion parameters but was 
inferior to that achieved using 12 motion parameters.  
To understand whether increased tSNR affected the measured activity and 
connectivity, we correlated it with the task activation and FC z-score. Without nuisance 
removal and despike/realignment, the tSNR was found to correlate with task activation (r = 
0.45). After PC and motion regression, the tSNR increased but activation and its correlation 
with the tSNR were reduced (r = 0.32). With despike/realignment, the activation remained 
unchanged despite a large increase in tSNR, with slightly reduced correlation between them 
(r = 0.40). 
Comparing the tSNR with the FC z-score in the S1FL, a high correlation (r = 0.54) 
was observed in data without nuisance removal and despike/realignment (Fig. 10B). 
Nuisance removal increased the tSNR but only slightly changed the FC, with the correlation 
between them almost unchanged (r = 0.56 for 10PC with motion regression). Between the 
key hubs of the rodent DMN (RSC and Cg), an increase in correlation between FC and tSNR 
(from r = 0.27 to r = 0.48) was observed using 10PC with motion regression (Fig. 10C). 
However, the bilateral Amg FC did not correlate with tSNR regardless of whether nuisance 
regression or despike/realignment was used (Fig. 10D). Overall, even though 
despike/realignment increased the tSNR the most, the FC was unchanged and the correlation 
between the tSNR and FC remained the same. 
As spontaneous activity has been suggested to be related to evoked activity, the task 
activation and FC in the S1FL were compared. Without nuisance removal and 
despike/realignment, low correlation (r = 0.24) was observed between the task activation z-
M
AN
US
CR
IP
T
 
AC
CE
PT
ED
ACCEPTED MANUSCRIPT
 18
score and bilateral FC in the S1FL. This relationship was reduced by 6 motion regression (r = 
0.17) and by PC with motion regression (r = 0.17). Despike/realignment did not change 
activation and FC strength significantly but their correlation was reduced slightly (r = 0.21). 
 
Discussion 
In this study, we evaluated various nuisance regression approaches and motion 
correction that have been applied in rodent rsfMRI studies. By dividing the large amount of 
fMRI data into subgroups based on their characteristics, we found that different nuisance 
removal methods were effective in certain conditions. Using task fMRI as a benchmark, we 
found that motion correction, motion regression and CSF regression did not improve the 
detection specificity of neural activity. GSR, a popular but debatable method, improved the 
specificity overall but significantly reduced sensitivity for both task and resting fMRI. 
Regressing the PC estimated from tissues outside the brain improved the specificity in 
general. Although the tSNR could be increased by nuisance regression or motion correction, 
it did not necessarily correspond to an increase in FC strength. Reproducibility was mostly 
comparable among nuisance regression methods except GSR. Motion correction increased 
the reproducibility of rsfMRI but not task fMRI. 
 
Motion correction and motion regression 
Motion artifact is one of the major issues for human fMRI study and has been 
typically accounted for by motion correction and motion regression. In rodent fMRI studies, a 
similar strategy has been applied even when the animal’s head is firmly secured by ear and 
tooth bars under anesthesia. Previous human studies have shown that image-based motion 
correction could induce false positive/negative activation in task fMRI when the head is 
secured or when the imaging field-of-view is limited in high-resolution fMRI experiments 
(Freire and Mangin, 2001; Yakupov et al., 2017)(Freire and Mangin, 2001; Yakupov et al., 
2017). Least square based motion estimation is prone to generate spurious signal changes in 
the motionless brain than an algorithm which is less sensitive to regional signal change, such 
as mutual information (Freire et al., 2002; Freire and Mangin, 2001). The human rsfMRI 
literature also indicates that motion regression is not effective in reducing motion artifacts 
(Parkes et al., 2018) but could reduce the signal change while increasing the adjusted 
correlation between regions in low-motion subjects (Satterthwaite et al., 2013). Therefore 
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similar effects may be induced in rodent fMRI data when applying motion correction and/or 
regression. 
We found that, although realignment increased the tSNR, resting FC z-scores (Fig. 8) 
and reproducibility in both task and resting fMRI (Fig. 6 and Fig. 9), the sensitivity and 
specificity in the detection of neural activation was not improved. In dataset that showed 
task- or resting S1FL-correlated motion parameters, motion correction increased the false 
positive rate whereas motion regression slightly reduced it and normalized the spuriously 
high activation z-score (Fig. 5 and Fig. 7E). Further analysis showed that, even using a 
normalized correlation cost function (the default of FSL mcflirt) that is less sensitive to 
regional signal change, motion detection may pick up the activated signal change in these 
cases and hence lead to bias. This is similar to a previous study which reported that motion 
correction detected respiration-induced signal variations (Kalthoff et al., 2011).  
Comparing motion parameters with the S1FL signal and other nuisances in both task 
and resting fMRI data, we found that it had moderate correlation with the global signal. This 
indicates that the realignment algorithm may detect certain global intensity variation when 
there is no physical movement. Indeed, adding motion regressors with GSR did not make 
much difference to the task activation (data not shown), indicating that the global signal 
could account for changes presented in motion parameters. In our preliminary evaluation, the 
performance achieved with using mutual information as the cost function for realignment did 
not reduce the task-correlation in the estimated motion. Therefore a better estimator that is 
more immune to the local intensity change is needed. These results suggest that motion 
correction or motion regression alone should not be applied in head-fixed rodent fMRI data 
unless physical movement or frequency/phase shift is a concern.  
 
Global signal regression 
The use of GSR has been highly controversial in rsfMRI studies as the global signal 
variation may not only be due to motion, hardware artifacts and respiratory patterns (Power et 
al., 2017), but could also represent global neurophysiological changes (Belloy et al., 2018; 
Liu et al., 2017; Schölvinck et al., 2010; Turchi et al., 2018; Wen and Liu, 2016; Yousefi et 
al., 2018). As the majority of the rodent brain is gray matter, the global signal would be more 
likely related to neural activity. This was confirmed by the observation that the global signal 
alone could explain nearly 60% of the variance of the activated S1FL signal in the task fMRI 
study and strongly correlated with the resting S1FL signal in the rsfMRI data. We also found 
that global signal correlated highly with other nuisances that represent changes in broad areas, 
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such as the baseline signal drift, motion parameters and PC regressors, but not physiological 
variations presented in the CSF signal. Among the nuisance regressors, the PC regressors 
accounted for most of the variance in the global signal, regardless the subgroup of the dataset, 
indicating that both PC regressors and GSR captured global non-neural fluctuations whereas 
more than half of the variance in GSR came from other sources (supplementary Figure S4).   
Although using GSR made the detection of task activation and FC much more focal 
with a dramatically reduced false positive rate, the true positive rate also decreased the most. 
The FC z-score across all the networks inspected was drastically reduced, with highly 
increased CoV. This could hamper the detection of connectivity in regions with low FC 
strength. Reproducibility was the poorest in the task fMRI but superior in rsfMRI, 
particularly at small sample size. This could be due to the difference in how reproducibility 
was measured in the task and resting fMRI (see more discussion in the reproducibility 
subsection below). Furthermore, the use of GSR led to reduced or even negative FC similar 
to what has been reported in rodents (Bergmann et al., 2016; Kalthoff et al., 2013) and 
humans (Murphy et al., 2009). Therefore, the results discourage the use of GSR in rodent 
rsfMRI preprocessing.  
 
CSF signal regression 
White matter and CSF signals have been typically used in human rsfMRI studies as a 
surrogate for physiological noise. As the white matter in the rodent brain was difficult to 
isolate when the spatial resolution was not high enough, CSF signal regression was evaluated 
in this study. We found that the CSF signal had low correlation with other nuisance 
regressors (including the global signal), indicating that those regressors may reflect variations 
other than the physiological noise in the CSF. The CSF signal also made a limited 
contribution to the S1FL signal in both the task and resting fMRI data. CSF regression was 
not effective in reducing the spurious task activation or resting FC. This limited efficacy may 
be due to the suboptimal estimation of the nuisance, insufficient voxel number or the 
insensitivity of SE-EPI to physiological noise. Component-based estimation methods may 
improve the extraction of nuisance in the presence of a partial volume with gray matter 
(Behzadi et al., 2007).  
 
Signal drift and quadratic detrend 
We found that although slightly increased the tSNR, quadratic detrend did not 
improve the detection of task activation or resting-state FC. One reason for this could be that 
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the high-pass filter used in the preprocessing worked as effectively as the quadratic detrend. 
We also found that most regressors, except the motion derivatives and CSF signal, exhibited 
a certain level of quadratic signal drift. Therefore the quadratic drift regressor is still needed 
to account for the signal drift picked up in other nuisance regressors. 
 
Estimation of artifacts from regions of noninterest 
In this study we evaluated an alternative approach for estimating nuisance. Tissues 
outside the brain, such as the muscle and scalp around a rodent’s head and large vessels near 
the brain, could serve as an easier region-of-noninterest for capturing the relatively global 
respiratory artifacts and more localized cardiac pulsation. Signal variations from other 
sources of physiological artifacts, such as movement of the jaw and tongue, would also be 
captured outside the brain. A similar idea for using muscle signal as a co-variate for modeling 
the global effect in the fMRI signal has been reported (Lowe et al., 2008). We extended that 
to include all the tissues outside the brain, which reduces the burden of segmenting a 
particular tissue type, and used PCA to estimate the nuisance signals. Furthermore, we 
evaluated only removing nuisance signals that correlated with the brain signal, similar to our 
previous study (Chang et al., 2018).  
By estimating the PC from tissues outside the brain, we showed that these regressors 
could reduce regional signal variation from physiological sources and improve the specificity 
of task activation, no matter whether the dataset showed a strong task-correlated confound. In 
the rsfMRI, however, using PC regression alone only improved the specificity when the 
cortical signal correlated with PC regressors. In both task and resting fMRI, combining PC 
and motion regressors generated better specificity than using PC regressors alone.  
 
Non-specific BOLD activity  
We found that most task fMRI data had nuisance regressors significantly correlated 
with the task activation. Further analysis revealed that animals with strong task-correlated 
motion and PC regressors showed broad activation outside the somatosensory pathway. As 
the animals were paralyzed and ventilated, this confound is unlikely due to respiratory 
changes modulated by stimulation. One possible explanation would be hardware instability 
which happened to coincide with the task paradigm (as shown in Supplementary Fig. S1A). It 
may also be possible that the strong bilateral stimulation activated broad cortical areas with 
high amplitude. Indeed, the subgroup with nonspecific activation had a significantly higher 
task activation z-score than that of the subgroups with specific activation (Fig. 5A). 
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Alternatively, it may be that the somatosensory stimulation induced more general 
physiological changes in heart rate or blood pressure (Reimann et al., 2018; Schroeter et al., 
2014), resulting in nonspecific task-correlated BOLD signal variations, which may have been 
reflected in the global signal. As some of the nonspecific activation was in the insular and 
cingulate cortices, which have been suggested to form part of the salience network in rodents 
(Sforazzini et al., 2014), it may also be possible that these animals had a higher arousal level. 
However, further studies using blood pressure and electrophysiological recordings are needed 
to determine the actual causes. In these animals, neither realignment nor motion regression 
was sufficient to reduce the nonspecific activation and the over-estimated signal change. The 
PC estimated from tissues outside the brain successfully improved the detection of neural 
activation but could not make the results comparable to the subset without such a confound.  
Nonspecific connectivity was also observed in the rsfMRI data. By dividing animals 
into subgroups based on the correlation between their S1FL BOLD signals and nuisance 
regressors, we found that animals with significant motion correlation had FC expanded 
beyond the somatosensory pathway into other cortical and subcortical areas such as the 
caudate putamen. Studies in rodents have shown that the somatosensory network is mostly 
confined to the somatosensory cortex, whereas the caudate putamen typically forms another 
network (Nasrallah et al., 2014b, 2012; Pawela et al., 2008; Zerbi et al., 2015). Therefore the 
strong connectivity between the S1FL and caudate putamen in these subgroups could be a 
false positive. Although the cause of such broad connectivity is not clear, it may be related to 
certain global neural or physiological activity, as the GSR in these subgroups displayed a 
much higher correlation with the S1FL signal (r = 0.57) than that in the other subgroups (r = 
0.40, p<0.0001). Another possibility is generally stronger neural activity which could be 
reflected in stronger bilateral FC and task activation, as several studies have reported a 
correlation between task activation and FC strength in human (Mennes et al., 2011) and 
mouse (Nasrallah et al., 2014b). However, the activation z-score of the nonspecific and 
specific FC subgroups were comparable (2.24±1.31 and 2.50±1.37, respectively) and there 
was only low correlation between activation and bilateral connectivity in S1FL either with or 
without nuisance removal or motion correction. Yet another possibility may be higher 
noise/artifact in the groups with nonspecific FC, although the tSNR was comparable with that 
of the other subgroups (p=0.96). Regardless of the causes, even though these subgroups 
showed high correlation with motion parameters, applying motion regression alone provided 
limited improvement in terms of specificity. Improvement was only seen by combining 
motion and PC regressors or using GSR. 
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Temporal SNR 
An improvement in the tSNR is typically regarded as improved fMRI data quality, 
with an expectation that the detection of neural activity and connectivity can be increased. 
However, this was not necessarily the case in our study. Even with the highest increase in the 
tSNR, motion correction did not change the sensitivity, specificity or reproducibility of task 
activation. Applying PC and motion regressors provided the second highest increase in tSNR, 
with improved specificity and reproducibility. When correlating the tSNR with either task 
activation or FC in S1FL, the increased tSNR produced by these preprocessing strategies did 
not increase the corresponding z-scores. Furthermore, we found that subgroups showing 
nonspecific activation or FC had comparable tSNRs to those of the other subgroups with 
better specificity. Instead, correlation with motion and PC regressors seems to be a better 
indicator than tSNR for differentiating data which may suffer from more artifacts. Indeed, the 
tSNR has been recognized as being unsuitable for rsfMRI, as the larger the “signal” the larger 
the temporal variation will be. Better measures, such as signal fluctuation sensitivity (DeDora 
et al., 2016), have been proposed for rsfMRI. 
 
Reproducibility 
Reproducibility of task activation and resting state networks is an important 
consideration when using them as biomarkers for disorders or treatment responses and has 
therefore been evaluated in various human rsfMRI studies (for review, see (Khalili-Mahani et 
al., 2017)). However, this has not been systematically conducted in rodent studies, likely due 
to the small sample size in animal experiments. Some rsfMRI studies divided their samples in 
half to see if the results were similar (Grandjean et al., 2016; Zerbi et al., 2015). In this study, 
we took advantage of the large sample and randomly subsampled it to simulate the 
reproducibility over a range of sample sizes.  
We observed that reproducibility was highly dependent on the quality of the data. In 
the task fMRI, the subgroups with specific activation had high reproducibility (r > 0.75) and 
nuisance removal methods did not make much difference. For the subgroup with nonspecific 
activation, reproducibility was generally lower than r=0.7. In this subgroup, higher 
reproducibility was seen in methods that resulted in a higher true positive rate (i.e., detrend, 
motion regression, or select PC regression). The GSR, which led to the lowest true positive 
rate, showed the poorest reproducibility. This may be because the reference map chosen was 
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the activation map of the subgroups showing specific activation. Therefore the result would 
be more reflective of how accurate (true positive) the activation map was. 
For the rsfMRI, we showed that the reproducibility of FC maps started around r=0.7 
at a sample size of 15, which is typical for rodent studies, in cortical areas closer to the coil. 
For an area further away from the surface coil, such as S2, the reproducibility reduced to 
r=0.6.  Doubling the sample size increased the correlation between subsampled groups by 
about 0.1. Although motion correction increases the reproducibility for rsfMRI, this would 
result in a higher false positive. The performance of nuisance removal methods are regionally 
dependent. Although GSR drastically reduced the sensitivity of detecting FC in all the 
networks, it had the best reproducibility for S1FL and DMN but the worst for S2 connectivity. 
Other than GSR, methods using PC and motion regressors performed well among the 
networks evaluated. It should be noted that, due to the lack of gold standard, the 
reproducibility in the rsfMRI data merely represents how similar, but not how accurate, the 
results are.    
 
Comparison with ICA-based methods 
The application of ICA to isolate networks from nuisance directly or using ICA-FIX 
to remove nuisance before further network analysis has been demonstrated in several rodent 
rsfMRI studies (Jonckers et al., 2011; Mechling et al., 2014; Zerbi et al., 2015). The major 
challenges of these methods are how to choose the optimal number of components and how 
to select artifact-like components without discarding potential network hubs. Typically, 
results for various numbers of components are compared and the one that generates 
“plausible” networks without over-splitting them is selected (Gozzi and Schwarz, 2016; Lu et 
al., 2012). When deciding which component should be discarded, components that do not 
show bilateral connectivity in functional areas or which strongly overlap with large vessels or 
non-brain tissues are regarded as artifacts (Griffanti et al., 2017; Zerbi et al., 2015). Therefore 
ICA-based nuisance removal relies on prior knowledge and assumed network topology. I n 
addition, due to the random-nature of the ICA algorithms, the resultant components differ 
each time the same data are reprocessed. 
In our preliminary study, FSL MELODIC with automatically estimated component 
number was applied to identify artifact-like components in each animal. We found that 
almost none of the independent components looked like a network and hence would be 
regarded as an artifact based on the above criteria. On the other hand, classical bilateral 
connectivity could be differentiated when applying group ICA to all the animals 
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(supplementary Figure S5), indicating that ICA was not very effective at distinguishing 
networks from artifacts at the individual level. In contrast, regression-based methods rely on 
modeling the nuisance of potential sources. The process requires minimal human intervention 
and the results are more deterministic and reproducible. However, this approach would 
overlook artifacts that are not modeled. Future studies are needed to develop more sensitive 
and objective ways of identifying artifacts. 
  
Limitations 
Although the physiology of the animals was monitored, no associated data were was 
available to apply nuisance removal based on the recorded cardiac and respiratory variations.  
Based on a previous study in rats at 11.7T, motion correction and regression could account 
for the majority (~1/3) of signal variance, with contributions from recorded respiratory and 
cardiac patterns only 5% and 1%, respectively (Kalthoff et al., 2011). Considering the lower 
field strength and the use of SE-EPI, the lack of cardiac and respiratory recordings is unlikely 
to make a major difference to the results. The other kind of physiological variation is the 
baseline difference in pO2 and pCO2. Previously, we showed that evoked BOLD signal 
increases with basal pO2 but decreases with basal pCO2 whereas the resting FC z-score does 
not change with pO2 or pCO2 levels under manipulation of the delivered gases (Nasrallah et 
al., 2015). As the study was conducted under the normal gas condition with normal pO2 and 
pCO2 levels, the individual baseline physiological condition would not have contributed to 
the observed difference in BOLD signal. 
In this study, task fMRI was conducted before resting fMRI. A previous study 
suggested that sensory stimulation prior to resting fMRI could enhance functional 
connectivity between the sensory, insular and limbic cortices (Li et al., 2014). Therefore the 
observed connectivity may have been modulated by the somatosensory stimulation applied. 
As nuisance removal methods were compared on the same resting-state dataset, the 
comparison between methods would not be expected to be affected by such modulation, 
except in the case of GSR. If the connectivity in broad areas was enhanced by the stimulation, 
this may increase its contribution to the global signal and lead to further underestimation by 
GSR. 
Only 14 ROIs were chosen to evaluate the performance of different nuisance removal 
methods in detecting typical resting-state network patterns (such as bilateral connectivity and 
large-scale networks such as the DMN) and specific functional pathways (such as the 
somatosensory pathway) using resting fMRI. Some regions, such as the caudate putamen and 
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hippocampus, although widely reported, have been shown to be divided into sub-networks 
not defined in the anatomical atlas (Zerbi et al., 2015) and hence were excluded. With 
growing interests in whole brain and graph theory analyses, future study is needed to evaluate 
how nuisance removal affects those graph/network measures.     
The true and false positive rates were evaluated based on the neuroanatomical areas 
which have been shown to be activated or connected. However, such a definition may not be 
accurate. First, not all the areas shown to be connected to S1FL were included. For example, 
only part of the caudate putamen and globus pallidus are connected to S1 (Pawela et al., 
2008). As these subregions are not defined in the atlas, they were not included in the 
calculation of the true positive rate. This could result in a higher false positive rate. Second, 
certain areas, particularly VPL/VPM, may not be detectable under the isoflurane anesthesia 
used in this study, as opposed to alpha-chloralose (Keilholz et al., 2006). This could be one 
reason for the low true positive rate seen in most datasets. Third, these areas are defined 
based on a structural and not a functional atlas. Recent studies have revealed that the 
functional parcels determined by rsfMRI are different from those identified based on 
neuroanatomy (Ma et al., 2018). Therefore, a functional atlas will be needed to define the 
areas more precisely.  
Spin-echo, instead of gradient-echo, EPI was used in this study as it has better 
sensitivity and specificity in areas suffering from B0 magnetic field inhomogeneity and 
susceptibility artifacts (Khatamian et al., 2016). As susceptibility artifacts and the 
extravascular BOLD signal are more pronounced at higher field strength, spin-echo 
acquisition is becoming more attractive in human and animal studies for better spatial 
localization. However, the choice of pulse sequence could lead to different sensitivity to 
nuisance in fMRI signals and the strategy for removing it. Frist, a gradient-echo sequence is 
more sensitive to fluctuation in the B0 field due to system instability and respiration. Given 
that these effects are rather global, they would be detected by motion correction (Kalthoff et 
al., 2011) and signal changes outside the brain, and the nuisance regression strategies 
suggested in this study would be applicable regardless of the pulse sequence used. Secondly, 
the gradient-echo sequence could be more sensitive to physiological noise, such as 
respiratory artifacts, respiratory volume per time change, and heart rate variability 
(Khatamian et al., 2016). As respiration was strictly controlled, there was no 
volume/frequency variation. Given that some physiological artifacts are regionally dependent, 
they may not be detectable from tissues outside the brain. Selecting nuisance factors inside 
the brain, such as the CSF or large vessel, may improve the nuisance removal. Thirdly, 
M
AN
US
CR
IP
T
 
AC
CE
PT
ED
ACCEPTED MANUSCRIPT
 27
estimating nuisance from tissues outside the brain requires precise brain extraction from the 
EPI data, which may be more difficult with strong susceptibility distortion in gradient-echo 
EPI. As spin-echo EPI preserves more non-brain tissues than gradient-echo EPI, this makes 
estimating nuisance from outside the brain easier. Reversed phase EPI has been shown to be 
effective for correcting geometric distortion in the rodent brain (Hong et al., 2015), and 
would therefore help to improve the accuracy of brain masking.  
The current study was conducted in ventilated and immobilized (by muscle relaxant) 
animals. With a growing number of studies being conducted in free-breathing rodents (Belloy 
et al., 2018; Mechling et al., 2014; Nasrallah et al., 2014b; Shim et al., 2018), the larger 
physiological variations and potential body movement would lead to nuisance factors (e.g., 
motion artifact) different from those examined in this study. Further study is needed to 
examine the efficacy of nuisance removal strategies in these experimental settings. 
 
Conclusion 
Although nuisance removal strategies developed for human rsfMRI have been 
commonly applied to rodent rsfMRI, several of them are either ineffective, reducing 
sensitivity or even introducing false positives. In head-fixed animals, motion correction 
appears to detect signal variation inside the brain and could increase false positives. Motion 
regression suffers from a similar issue. GSR, on the other hand, increases specificity but 
drastically reduces sensitivity. A simple method based on nuisance estimated from tissues 
outside the brain, when combined with motion regressors, could suppress physiological 
fluctuations, maintain sensitivity, reduce the false positive rate and increase reproducibility 
among datasets with different confounds. However, the improvement was still limited in our 
dataset showing nonspecific activation and connectivity. Further investigation is required to 
determine the sources of the nonspecific responses and to develop nuisance removal methods 
which are optimized for the rodent brain, thereby improving the detectability and 
reproducibility of imaging biomarkers for translational research. To facilitate further 
development and validation, a joint effort on providing open access dataset would be needed.  
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Table 
Table 1: Influence of nuisance regression on the normality of inter-regional functional 
connectivity z-score. The K2 value of the D'Agostino & Pearson normality test and the 
corresponding p-value are shown. The numbers in bold represent significant (p<0.05) 
deviation from the Gaussian distribution. +mo: with 12 motion regressors.  
 
Original Detrend 6 Motion 12 Motion 10 PC 
+mo 
Select 
PC 
Select 
PC+mo 
GSR CSF 
+mo 
10PC+C
SF+mo 
S1FL-S1FL (No despike realign) 
K2 5.899 5.899 5.490 7.003 8.559 5.000 7.248 8.083 5.841 8.186 
P  0.0524 0.0524 0.0642 0.0302 0.0139 0.0821 0.0267 0.0176 0.0539 0.0167 
S1FL-S1FL (With despike realign) 
K2 4.958 4.958 4.059 4.444 6.453 5.283 6.168 3.252 4.341 6.531 
P 0.0838 0.0838 0.131 0.108 0.0397 0.0713 0.0458 0.197 0.114 0.0382 
S1FL-S2 (No despike realign) 
K2 5.982 5.982 5.55 5.961 3.24 6.336 4.737 1.322 6.405 3.424 
P  0.0502 0.0502 0.0624 0.0508 0.198 0.0421 0.0936 0.516 0.0407 0.181 
S1FL-S2 (With despike realign) 
K2 6.365 6.365 5.463 7.013 8.922 6.890 5.277 1.717 6.746 4.854 
P 0.0415 0.0415 0.0651 0.0300 0.0115 0.0319 0.0715 0.424 0.0343 0.0883 
S1FL-VPL (No despike realign) 
K2 3.073 3.073 3.633 3.529 2.623 3.183 2.782 8.350 3.600 2.501 
P  0.215 0.215 0.163 0.171 0.269 0.204 0.249 0.0154 0.165 0.286 
S1FL-VPL (With despike realign) 
K2 1.560 1.560 4.368 4.288 4.162 2.971 3.242 5.532 3.993 3.200 
P 0.458 0.458 0.113 0.117 0.125 0.226 0.198 0.0629 0.136 0.202 
RSC-Cg (No despike realign) 
K2 12.080 12.080 3.481 3.422 2.758 3.528 2.721 2.114 5.154 2.496 
P  0.0024 0.0024 0.175 0.181 0.252 0.171 0.257 0.348 0.0760 0.287 
RSC-Cg (With despike realign) 
K2 15.930 15.930 5.236 5.333 2.845 1.185 0.849 2.814 5.074 0.814 
P 0.0003 0.0003 0.0730 0.0695 0.241 0.553 0.654 0.245 0.0791 0.666 
S2-S2 (No despike realign) 
K2 7.100 7.100 7.430 7.670 8.710 7.820 8.410 4.420 8.220 9.430 
P  0.0288 0.0288 0.0244 0.0216 0.0128 0.0200 0.0149 0.110 0.0164 0.0090 
S2-S2 (With despike realign) 
K2 12.36 12.36 11.76 12.10 12.73 12.57 13.36 10.82 12.50 14.83 
P 0.0021 0.0021 0.0028 0.0024 0.0017 0.0019 0.0013 0.0045 0.0019 0.0006 
Amg-Amg (No despike realign) 
K2 107.2 107.2 112.6 119.8 130.0 124.9 129.2 91.54 123.4 132.2 
P  <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 
Amg-Amg (With despike realign) 
K2 55.92 55.92 58.16 66.65 75.56 76.45 78.93 47.79 68.46 82.25 
P <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 
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Table 2. Influence of nuisance regression on the coefficient of variation (CoV) of the 
inter-regional functional connectivity z-score. The numbers in bold/italic are the methods 
with highest/lowest CoV among the nuisance regression methods, except for the original and 
detrend only. 
 
Original Detrend 6 Motion 12 Motion 10 PC 
+mo 
Select 
PC 
Select 
PC+mo 
GSR CSF 
+mo 
10PC+C
SF+mo 
S1FL-S1FL (No despike realign) 
 0.66 0.66 0.64 0.66 0.68 0.66 0.67 0.71 0.66 0.68 
S1FL-S1FL (With despike realign) 
 0.65 0.65 0.64 0.65 0.67 0.66 0.65 0.70 0.65 0.67 
S1FL-S2 (No despike realign) 
 1.15 1.15 1.17 1.16 1.21 1.17 1.19 7.66 1.17 1.20 
S1FL-S2 (With despike realign) 
 1.12 1.12 1.18 1.16 1.27 1.13 1.17 7.69 1.18 1.24 
S1FL-VPL (No despike realign) 
 5.99 5.99 4.80 4.64 4.62 3.92 3.80 4.56 4.69 4.59 
S1FL-VPL (With despike realign) 
 3.53 3.53 3.41 3.35 3.30 2.86 3.26 5.63 3.46 3.73 
RSC-Cg (No despike realign)   
 0.99 0.99 0.99 1.02 1.05 0.93 0.94 13.95 0.97 1.02 
RSC-Cg (With despike realign)   
 0.98 0.98 0.93 0.96 1.05 0.91 0.94 60.07 0.95 1.00 
S2-S2 (No despike realign)   
 1.50 1.50 1.58 1.63 1.81 1.68 1.78 2.75 1.66 1.83 
S2-S2 (With despike realign)   
 1.34 1.34 1.37 1.40 1.53 1.44 1.50 2.33 1.42 1.55 
Amg-Amg (No despike realign) 
 1.65 1.65 1.75 1.87 2.35 1.92 2.14 1.62 1.88 2.37 
Amg-Amg (With despike realign) 
 1.37 1.37 1.34 1.41 1.76 1.54 1.64 1.45 1.39 1.81 
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Figure caption 
 
Figure 1. Data processing flowchart. Both task and resting fMRI data were processed with 
(gray line) or without (black line) despike and realignment. Nine kinds of nuisance 
regressions were evaluated. 
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Figure 2. Nuisance removal reduced task activation. Group activation maps (p < 0.001, 
FDR corrected) without (A) and with (B) despike/realignment. (C) The averaged z-score 
in S1FL shows a significant reduction by all nuisance regression methods, except 
“Detrend”. Despike and realignment had a minimal effect on the activation map and z-
score. Cg: cingulate cortex; In: insular cortex; MC: motor cortex; S1: primary 
somatosensory cortex; S2: secondary somatosensory cortex; Sp: septal nucleus. Color 
bar represents the z-score. Error bar represents the SEM. Asterisks represent 
significance with the data without nuisance removal and despike/realign and the plus 
signs represent the significance after despike/realign. */+: p<0.05 **/++: p<0.01; 
***/+++: p< 0.001; ****/++++: p< 0.0001. 
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Figure 3. Nuisance regressors correlate with task activation and the global signal. The 
absolute correlation between nuisance regressors and (A) task activation, (B) the global 
signal and (C) the CSF signal, before and after removing the quadratic trend. (D) The 
proportional variance of the activated BOLD signal in S1FL explained by the nuisances 
without or with despike/realignment. Data are presented as mean±SD to show the 
distribution of the data. Statistical significance was tested by two-way ANOVA with 
Sidak’s post hoc test for multiple comparison. **: p<0.01; ***: p<0.001; ****: 
p<0.0001. 
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Figure 4. Nuisance regression in the presence of task correlated nuisance. Group 
activation maps (p < 0.001, FDR corrected) of animals (A) without and with (B) motion 
parameters only, (C) PC regressors only or (D) both motion and PC regressors 
correlated with the task activation BOLD model. Most non-specific activation was 
found in datasets with both motion and PC regressors correlated with the task. 
Despike/realignment increased nonspecific activation in this subgroup (indicated by 
green arrows). Color bar represents the z-score. 
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Figure 5. Nuisance removal affects activation and the true/false positive rates. (A) 
Averaged z-score in S1FL and the true and false positive rates thresholded at (B) p<0.01 
and (C) p<0.001 (FDR-corrected) with the grouping presented in Fig. 4. Filled and 
empty bars represent data without and with despike/realignment, respectively. Statistical 
significance was determined by two-way ANOVA with Tukey’s multiple comparison. 
Asterisks represent a significant difference in comparison with the “Non-correlated and 
no despike realign” subgroup (i.e., the blue filled bar). Plus signs represent a significant 
difference with respect to the “Non-correlated but with despike realign” subgroup (i.e., 
the blue empty bar). ***/+++: p<0.001; ****/++++: p<0.0001. Error bar represents 
SEM. 
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Figure 6. Nuisance removal affects reproducibility of task fMRI. Correlation coefficients 
between subsampled group activation maps of different sample sizes and the reference 
map of the “low artifact” subgroups shown in Fig. 4A-C. The upper row shows the 
subsampling from the “low artifact” subgroups together and the lower row shows that 
from the “high artifact” subgroup as shown in Fig. 4D. The left/right column is 
without/with despike/realignment. The errorbar represents standard deviation. Statistical 
significance was tested on the transformed z-values by two-way ANOVA with Tukey’s 
post hoc test for multiple comparison. *:p<0.05; **: p<0.01; ***: p<0.001; ****: 
p<0.0001. 
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Figure 7. Resting state network pattern changes with nuisance correlated activity and 
its removal. The S1FL FC maps (nonparametric t-test, p<0.01, TFCE corrected) are 
categorized into 4 subgroups (A) without and with (B) motion-only, (C) PC-only or (D) 
both motion and PC regressors correlated with the resting S1FL signal. Different forms 
of nuisance removal and despike/realignment show differential effects on these datasets. 
Green arrows indicate the false positive induced by motion correction and nuisance 
regression. Color bar represents the z-score. The true and false positive rates in a 
somatosensory network incorporating motor, somatosensory cortices and VPL/VPM are 
shown in (E).  
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Figure 8. Nuisance removal alters inter-regional functional connectivity. Applying 
despike/realignment (empty bars) or motion regression alone (6 or 12 Motion) did not 
change the FC. PC with motion regression reduced FC in bilateral connectivity (S1FL-
S1FL, S2-S2 and Amg-Amg) and in the DMN-like network (Cg-RSC). GSR drastically 
reduced FC and even led to negative FC. *: p<0.05; **: p<0.01; ***: p<0.001; ****: 
p<0.0001. 
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Figure 9. Nuisance removal affects the reproducibility of connectivity maps. 
Reproducibility, measured as correlation coefficient between two subsampled group FC 
maps of the same number of animals randomly drawn from the rsfMRI data, was 
assessed using seed points at (A,D) S1FL, (B,E) S2 and (C,F) RSC over sample sizes 
from 15, 20,… to 40. The results with and without despike and realignment are shown in 
(D-F) and (A-C), respectively. The error bar represents SD. Statistical significance was 
tested on the transformed z-values by two-way ANOVA with Tukey’s post hoc test for 
multiple comparison. *:p<0.05; **: p<0.01; ***: p<0.001; ****: p<0.0001. 
M
AN
US
CR
IP
T
 
AC
CE
PT
ED
ACCEPTED MANUSCRIPT
 48
 
Figure 10. Nuisance removal increases tSNR but not functional connectivity. (A) tSNR is 
increased by nuisance removal and despike/realignment. (B) Bilateral S1FL FC 
correlated with tSNR (blue dots). Nuisance removal (green dots) resulted in only a slight 
change in the correlation. Despike/realignment (red dots) did not change the trend. (C) 
RSC-Cg FC did not correlate with tSNR but became correlated after nuisance removal. 
(D) Bilateral Amg FC did not correlate with tSNR even with application of nuisance 
removal or despike/realignment. 
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